Detailed information on soil profiles is required for site characterization, soil mapping, studies on pedogenesis, soil-landscape modelling and soil classification. In this study, we used digital soil mapping techniques to map the profile wall of an Alfisol (90-cm depth × 100-cm width). Geochemical data (sampled at 10 cm × 10 cm) and digital images (resolution 1 cm × 1 cm) were used as input data in models that predicted a range of properties across the soil profile. Fuzzy c-means clustering was applied to the profile and colour maps, and a confusion index was calculated. The colour coordinates were strongly correlated with SOC (soil organic carbon), sand and silt contents, and weathering indices. Random forest using the RGB model (R 2 = 0.57, RMSE (root mean square error) = 2.41) showed less accurate prediction of SOC content than random forest using the CIE L*a*b* (R 2 = 0.84, RMSE = 1.57) and HSV, hue, saturation, chroma (R 2 = 0.85, RMSE = 1.46) models. Detailed profile maps showed considerable within-horizon variation and identified animal holes, roots and limestone fragments. Colour and profile maps of soil properties and weathering indices matched field-delineated soil horizons. Clusters obtained by soil properties and weathering indices represented the field-delineated horizons and had the largest overall accuracy (P = 0.85 and 0.86, respectively). The confusion index showed that the horizons had wavy and somewhat irregular boundaries. We conclude that colour coordinates are useful for predicting and mapping soil properties in soil profiles. Random forest can be used to produce high-resolution soil profile maps, and fuzzy c-means clustering is useful for delineating soil horizons.
Introduction
Detailed information on soil profiles is required for site characterization, soil mapping, studies on pedogenesis, soil-landscape modelling and soil classification. Soil profile description involves site description and horizon delineation, with samples collected for physical, chemical and mineralogical analysis. Soil horizons are often assumed to be homogeneous, but fine-scale variation in physical and chemical properties within each horizon can be substantial (Vazhenin et al., 1969) . Traditional description and sampling of soil profiles might be insufficient for the current demand for data. Soil variation at the landscape scale and beyond has been well researched and quantified, but there is a need to quantify and understand short-range variation in soil (<5 m).
Digital soil morphometrics uses instruments and techniques to measure and quantify soil profile attributes (Hartemink & Minasny, 2014) . Imaging spectroscopy has been used to predict and map elements and diagnostic horizons of a Luvisol (Steffens & Buddenbaum, 2013 ) and a Regosol and Cambisol (Schreiner et al., 2015) . Portable X-ray fluorescence (pXRF) spectrometry has been used in situ to study vertical variation in elements and pedogenesis (Stockmann et al., 2016) . The laser stripe scanning technique can produce 3-D digital surface scans and has been used to quantify soil structure and porosity (Hirmas et al., 2016) . Digital images and visible near-infrared (vis-NIR) spectra have been used to determine representative samples for SOC stock assessment in soil profiles (Zhang & Hartemink, 2017) .
Soil horizons are described in the field based on differences in, among other things, colour, texture, structure, coarse fragments and mottles. Delineation and horizon identification may vary among different observers. Several techniques have been applied to identify horizons or abrupt boundaries. Weindorf et al. (2012) used pXRF and variation in element concentrations in soil profiles to identify horizons, whereas Fajardo et al. (2016) used vis-NIR spectra and fuzzy clustering to delineate horizons in soil cores.
Images taken by digital cameras provide colorimetric features and texture that can be linked to soil characteristics (Aitkenhead et al., 2016) . Colour space models (such as CIE L*a*b*, RGB (red, green, blue) and HSV (hue, saturation, value)) extracted from digital images have been used to predict soil organic carbon (SOC), iron oxides and fine particles by pedotransfer functions (Levin et al., 2005; Viscarra Rossel et al., 2008) . Pedological features, such as krotovinas, have been identified by feature detection on profile images (Wang et al., 2017) . In soil micromorphology, voids, calcite, sesquioxides and plasma have been quantified by processing microscope images of thin sections (Aydemir et al., 2004) .
Digital soil mapping uses statistical and mathematical methods to predict and map soil properties or soil classes from easily obtained and exhaustive environmental variables (McBratney et al., 2003) . It has been widely used to map soil spatial variation at a range of scales over landscapes. There have been few attempts to map soil profiles. Block kriging has been used to map the soil properties in an Entisol profile (Adhikari et al., 2016) . Regression kriging has been used to map the first three principal components of vis-NIR spectra in soil monoliths (Roudier et al., 2016) . Hyperspectral imaging and several statistical methods have been used to map the distribution of elements in soil profiles (Steffens & Buddenbaum, 2013) .
The objectives of this study were to: (i) map the soil profile properties at high resolution with digital images and colour space models, (ii) evaluate the effectiveness of three colour models and (iii) compare field-delineated horizon with digitally derived horizonation.
Materials and methods

The soil profile
An Alfisol (fine-silty over clayey, mixed, superactive, mesic Typic Hapludalfs, NewGlarus series) was studied in the Driftless Area of Wisconsin (WGS84 43.03 ∘ N, 90.05 ∘ W) (Figure 1 ). The profile Figure 1 The Alfisol (fine-silty, over clayey, mixed, superactive, mesic Typic Hapludalf, NewGlarus series) from Wisconsin, USA. The profile (90-cm deep and 100-cm wide) was sampled on a 10 cm × 10 cm grid. The dashed lines represent the approximate boundaries between horizons. Images show RGB, CIE L*a*b* and HSV colour models at 1-cm resolution.
was located at 320 m above sea level on the shoulder position of a 6% slope in a grass-covered field. Mean annual precipitation at the site is approximately 860 mm; mean annual temperature is approximately 7.4 ∘ C. The profile was developed in two parent materials. The lower part of the profile consisted of a mixture of sand, clay and glauconite derived from the weathering of the underlying sandstone, dolomite and shale bedrock. The upper part of the profile formed in loess. Three horizons were delineated: Ap (0-12-cm depth), Bt (12-58 cm) and 2Bw (58-90+ cm) . The boundary between Ap and Bt horizons is smooth with a slight waviness, and the boundary between Bt and 2Bw horizons is wavy. The Ap horizon had a granular and subangular blocky structure and silt loam texture, with very dark greyish brown (10YR 3/2, moist) and light brownish grey (10YR 6/2, dry) colours. The Bt horizon had a subangular blocky structure and silty clay loam texture, with dark yellowish brown (10YR 4/4, moist) and light yellowish brown (10YR 6/4 dry) colours. The 2Bw horizon had a subangular blocky structure and sandy clay loam texture, with strong brown (7.5YR 4.5/7, moist; 7.5YR 5/7, dry) colours. Animal holes with shadows were observed in the upper Bt and 2Bw horizons, and white patches were observed in the 2Bw horizon, which are limestone fragments (Figure 1) .
Sample collection and analysis
The Alfisol profile wall (1.0m× 0.9 m) was divided into a 10 cm × 10 cm grid. One sample (about 200 g) was collected at the centre of each cell. Thus, 90 samples were taken for laboratory analysis. They were air-dried, ground and sieved to a diameter smaller than 2 mm. The SOC content was determined with a Flash EA 1112 Series NC Soil Analyzer (Thermo Fisher Scientific Inc., Waltham, MA, USA). Soil pH was measured in a 1:1 soil-water suspension. Particle-size distribution was determined by the hydrometer method. Element (Al, Fe, Ca, Si, Ti and Zr) concentrations were determined by a Delta Premium portable X-ray fluorescence (pXRF) spectrometer (Olympus Scientific Solutions Americas Inc., Waltham, MA) using the Geochem Mode. The spectrometer was calibrated by a 316 stainless steel calibration check coupon before taking measurements. The Geochem Mode operates for a duration of 60 s in a two-beam configuration at 40 and 10 kV, respectively. Element concentrations were measured based on an internal factory-installed calibration procedure (i.e. the Compton normalization method).
Weathering indices
Four weathering indices were calculated. The Ruxton (Equation (1)) and sesquioxide (Equation (2)) ratios were calculated because Al and Fe are relatively immobile elements, which accumulate with weathering, and Si is a mobile element that is more easily leached during weathering (Ruxton, 1968) . The calcium/titanium ratio (Equation (3)) is a ratio of immobile elements and has also been used as a weathering index (Betard, 2012) . Titanium and zirconium are immobile elements and their ratio (Equation (4)) is often used as an indicator for the heterogeneity of a soil parent material (Maynard, 1992) .
Calcium∕Titanium ratio = CaO TiO 2 .
Image analysis and colour models
Digital images (RAW format) with a horizontal and vertical resolution of 300 dpi were taken under natural light conditions by a Nikon v1 camera (Nikon Corporation, Tokyo, Japan). An internal white balance test was carried out before taking the picture. The digital image was cropped and georeferenced to the profile wall, and scaled to 1-cm resolution. Colour coordinates (RGB, CIE L*a*b* and HSV) were extracted from each pixel of the processed image in the ImageJ image-processing program (Rasband, 1997) . The RGB coordinates represent the intensity of red, green and blue light, each with a range of 0 (none) to 255 (saturated). In CIE L*a*b* coordinates, L* represents luminance with a range of 0 (black) to 100 (white). The two chromatic coordinates a* and b* represent the colour variation from red (+a) to green (−a) and from yellow (+b) to blue (−b) (C.I.E., 1978). The HSV coordinates (hue, saturation and value) were designed to resemble more perceptual colour models such as the NCS (natural colour system) and the Munsell system (hue, value and chroma) (Fairchild, 2013) . The correlations between soil properties, weathering indices and colour models were calculated in R version 3.4.3 (R Core Team, 2016) . Figure 2 shows the procedures of image analysis and profile mapping.
Predictive mapping
Random forest models rely on the regression tree algorithm, which is a recursive partitioning method for predicting continuous dependent variables (i.e. soil properties). It is an ensemble method that is formed by averaging a number of regression trees (Breiman, 2001) . Each tree in the random forest is grown by a list of samples (bootstrapped set) that are drawn randomly from the training set (90 samples) with replacement. Then a regression model is established for each tree to model the target soil properties (y) with the colour coordinates (X).
To evaluate the performance of the random forest model, for each (X, y) in the training set, the prediction was obtained by averaging over the trees for which the bootstrapped set does not contain (X, y) . These are called the out-of-bag (OOB) estimates and the OOB estimates are unbiased (Breiman, 2001) . The out-of-bag errors (coefficient of determination (R 2 ), root mean square error (RMSE) and bias) were calculated by comparing the predicted values using OOB predicted samples and measured values of the 90 samples. It has been shown that the out-of-bag estimate is as accurate as using a test set of the same size as the training size (Breiman, 1996) . Variable importance in random forest models is measured by the average increase in squared OOB residuals when the variable is permuted.
In this study, random forest modelling was carried out with the random Forest (Liaw & Wiener, 2015) package in R version 3.4.3 (R Core Team, 2016) . The soil sample support was a 10 cm × 10 cm square, whereas the processed image support was at a resolution of 1 cm × 1 cm. The image was first rescaled by averaging 100 pixels to 10 cm × 10 cm to match the sample support. The random forest was then used to predict the soil properties of the 90 samples using colour coordinates and the out-of-bag errors were calculated to evaluate the model performance. The model performances of RGB, CIE L*a*b* and HSV colour models were compared and the colour model with greatest accuracy was used to predict soil properties at 1 cm × 1 cm resolution from the fine-resolution colour coordinates.
Fuzzy clustering of profile maps
In fuzzy clustering, observations are grouped into continuous classes in which individuals are assigned membership values (McBratney & Odeh, 1997) . Each observation has a membership ranging from 0 to 1, corresponding to different classes, and the sum of the membership equals 1 over all classes. The membership value is larger if the observation is more likely to belong to a certain class. Fuzzy c-means clustering is one of the popular clustering algorithms that partitions observations in multivariate space into continuous groups (McBratney & Odeh, 1997) . The fuzzy c-means algorithm was proposed to minimize the objective function (Equation (5)):
in which U indicates the membership matrix, c indicates the number of clusters, n indicates the number of samples, U ij indicates the membership of sample i in cluster j, (d ij ) 2 indicates the squared distance from sample i to the centre of cluster j that represents the dissimilarity between sample i and the centre of cluster j, and m ≥ 1 indicates the degree of fuzziness: the larger is m, the greater is the fuzziness. Hard clustering is indicated by m = 1 (McBratney & Moore, 1985) .
Herein, fuzzy c-means clustering was applied to the predicted values of soil properties, weathering indices, RGB, CIE L*a*b* and HSV colour coordinates at 1 cm × 1 cm resolution, using the c-means function of the e1071 R package (Meyer et al., 2015) . All the input variables were scaled to zero mean and one standard deviation before clustering. The number of classes, c, was set at three based on the number of field-delineated horizons. The maximum iteration was set at 100. Euclidean distance was used to calculate (d ij ) 2 . We selected a set of m values ranging from 1.1 to 2.5 with 0.1 intervals. We calculated the values of the objective function J m under each m and the first derivative of J m (i.e. dJ m /dm). The objective function value J m decreases monotonically with increasing m (McBratney & Moore, 1985) . Then the m corresponding to the largest value of −dJ m /dm was selected for clustering (McBratney & Moore, 1985) . The m values were selected as 2 for clustering soil properties, 2.1 for weathering indices, 1.9 for RGB, 1.8 for CIE L*a*b* and 1.7 for HSV. In addition, the closest classes were obtained by assigning every point to the class with maximum membership.
The confusion index (CI) (Equation (6)) proposed by Burrough et al. (1997) was used as an index of the confusion of the classification:
in which U max i is the membership value of the cluster that has the maximum U ij for sample i. The U (max −1) i is the membership of the cluster that has the second maximum U ij for sample i. A CI close to 0 indicates that one class dominates and there is little confusion of classification, whereas a CI close to 1 indicates that U (max −1) i and U max i are similar, so that it is unclear to which class the observation belongs to (very fuzzy). Ideally, CI can show clearly defined zones and yield clear boundaries if the input data have strong spatial correlation. Several quality measures have been proposed to assess the quality of fuzzy classification based on the error matrix (Equation (7)). These include:
and
in which A ij (in Equation (7)) indicates the area (pixels) in the profile that is classified as c i with the observed class c j , n indicates the total number of classes, A k+ (Equation (8)) is the sum of A ij in each row of the error matrix, indicating the area (pixels) of class c k in the classified profile, A +k (Equation (9)) is the sum of A ij in each column of the error matrix, indicating the area (pixels) of class c k in the observed profile and A (Equation (10)) indicates the total area (pixels) in the profile.
The quality measures describe the probability of correctly classifying an observation, including overall accuracy (overall purity), user's accuracy and producer's accuracy (Brus et al., 2011) . Lark (1995) proposed the term 'map unit purity' for user's accuracy and 'class representation' for producer's accuracy, which we modified here to 'cluster purity' and 'horizon representation' in the context of soil profile clustering:
in which P (Equation (11)) is overall accuracy that measures the area (pixels) correctly classified. The index p k (Equation (12)) is the cluster purity (user's accuracy) that measures the correctly classified area (pixels) of each class c k in the classified profile. Similarly, the index r k (Equation (13)) is the horizon representation (producer's accuracy) that measures the area (pixels) of each class c k classified correctly in the observed profile.
Results
Soil properties and weathering indices
The distribution of soil properties and weathering indices is displayed in Figure 3 . The SOC content decreased from 17 g kg −1 in the Ap horizon to 1 g kg −1 in the 2Bw horizon. There was a large variation in SOC content in the Ap, ranging from 10 to 17 g kg −1 . The soil pH ranged from 6.6 to 7.3, with more variation observed in the 2Bw horizon. Clay content was distributed relatively uniformly in the Ap and Bt horizons with values ranging from 20 to 31%, whereas clay content ranged from 14 to 49% in the 2Bw horizon. Sand content increased from 6% in the Ap to 39% in the Bt horizon, whereas the largest values (up to 82%) occurred in the 2Bw horizon. The silt content decreased from 71 to 37% from the Ap to the Bt horizon, whereas the smallest values (1%) were found in the 2Bw horizon. The Ruxton and sesquioxide ratios decreased with depth following a similar pattern. Both showed more variation below 60 cm. The CaO/TiO 2 ratio showed considerable variation in the Ap horizon, a fairly uniform distribution in the Bt horizon and smaller values in the 2Bw horizon. The Ti/Zr ratio was uniform in the Ap and Bt horizons, with larger values and more variation in the 2Bw horizon.
Colour coordinate maps
The maps (1-cm resolution) of RGB, CIE L*a*b* and HSV colour coordinates are shown in Figure 1 . The profile image showed a dark Ap horizon (10YR 6/2) and reddish 2Bw horizon (7.5YR 5/7). The RGB model identified the animal holes, but the spatial pattern did not match the field-delineated soil horizons. In the CIE L*a*b* model, the L* coordinate was sensitive to shadows caused by animal holes and other features, such as coarse limestone fragments in the 2Bw horizon. The a* coordinate pattern matched the 2Bw horizon, and the b* coordinate distinguished three horizons that matched the field-delineated horizons (Ap, Bt and 2Bw). In the HSV model, the H coordinate distinguished the Ap horizon and the S coordinate distinguished all three horizons. The V coordinate showed a similar pattern to the R coordinate of the RGB model and was sensitive to the shadows caused by animal holes.
Soil pH and clay content were not linearly correlated with RGB, CIE L*a*b* or HSV (Table 1) 
Maps of soil properties and weathering indices in the profile
The SOC content was mapped across the soil profile by the random forest method with the RGB, CIE L*a*b* and HSV colour models (Figure 4) . The maps of all colour models showed similar patterns: three layers corresponding to the Ap, Bt and 2Bw horizons. There was considerable variation within the horizons. The RGB showed more discontinuous variation in the Ap horizon. The CIE L*a*b* model and HSV model showed greater accuracy, with R 2 of 0.84 and 0.85. The RGB model resulted in slightly less accurate predictions. Given the results in Table 2 , the performances of the CIE L*a*b* and HSV colour models are similar and better than the RGB model.
Because all three components of the CIE L*a*b* colour coordinates are correlated with the soil properties, we demonstrate the use of these colour coordinates for mapping the soil properties and delineating soil horizons.
The high-resolution profile maps of soil pH and texture were produced by the random forest method and the CIE L*a*b* colour model ( Figure 5 ). The CIE L*a*b* model predicted the pH poorly across the soil profile (OOB-estimated R 2 = 0.17). The CIE L*a*b* model was not useful for predicting clay content (OOB-estimated R 2 = 0.12), but the model showed good predictions of sand and silt contents. For the weathering indices, the Ruxton and sesquioxide ratios showed a decrease with depth, so that the Ap horizon was clearly distinguished in the profile (Figure 6 ). The Ruxton ratio map also separated the Bt and 2Bw horizons. Random forest applied to the CIE L*a*b* model resulted in good spatial prediction of the Ruxton and sesquioxide ratios. The CaO/TiO 2 ratio showed four vertical layers; the top and bottom layers corresponded to the Ap and 2Bw horizons, respectively. The Bt horizon was separated into two vertical layers; the deeper layer had larger values than the upper layer. The Ti/Zr ratio increased with depth and showed a similar pattern to the sand and silt contents. It distinguished the two parent materials, and also separated the Ap and Bt horizons. The OOB estimate of Ti/Zr was good, with an R 2 of 0.85 and RMSE of 2.61. Blue is the most important variable in predicting soil properties and weathering indices in the RGB colour model using the random forest method (Table 3 ). In the HSV model, saturation is the most important variable. In the CIE L*a*b* model, a* is the most important variable for predicting sand, silt and Ti/Zr ratio, and b* is the most important variable for predicting SOC, pH, clay, Ruxton ratio, Sesquioxide ratio and CaO/TiO 2 ratio.
Fuzzy clustering and horizons
The fuzzy c-means clusters of SOC, texture and weathering indices are shown in Figure 7 . In the Alfisol, cluster 1 corresponded to the Ap horizon. Cluster 2 corresponded to the Bt horizon. Cluster 3 was dominant in the 2Bw horizon and showed a curved boundary from cluster 2. Most pixels showed memberships larger than 0.8 in their dominant clusters, except for the pixels close to the horizon boundaries. The three classes matched the field-delineated horizons and showed the wavy horizon boundaries. The clustering of weathering indices showed slightly greater purity in the Ap and 2Bw horizons than the soil properties. The confusion index was smallest in each horizon centre. The large confusion index indicated the wavy boundaries of the soil horizons. The three classes and confusion index of RGB, CIE L*a*b* and HSV colour models are displayed in Figure 8 . The RGB model did not match the field-delineated horizons. The CIE L*a*b* model distinguished three vertical layers with irregular boundaries and considerable variation within each layer. The clustered Ap horizon was thicker than the field-delineated Ap. The HSV model distinguished three layers. These showed broken boundaries and less purity within each horizon. The thickness of the clustering-derived Ap horizon was similar to that of the field-delineated Ap. The HSV model had less confusion (smaller confusion index values) at the top of the profile.
The fuzzy c-means clusters were compared with the field-delineated horizons (Table 4 ). The weathering indices had the largest overall accuracy (P = 0.86), followed by soil properties (P = 0.85), whereas the RGB model had the smallest (P = 0.47). The overall accuracy of the HSV model (P = 0.76) was greater than the CIE L*a*b* model (P = 0.69). The soil properties and weathering indices showed greater cluster purity (0.73 to 0.99) and horizon representation (0.72 to 0.96) for all three horizons. The 2Bw horizon showed greater cluster purity (0.99) and less horizon representation (0.72 and 0.74), whereas the Ap and Bt horizons had less cluster purity (0.73 to 0.83) and greater horizon representation (0.90 to 0.96). The CIE L*a*b* model showed more cluster purity (0.99) in the 2Bw horizon and horizon representation (0.96) in the Ap horizon, whereas the HSV model had the opposite pattern.
Discussion
Colour models, soil properties and weathering indices
The soil properties and weathering indices correlated well with the colour space models. The brightness of the soil is represented by the L* and V coordinates, and the colorimetric features are expressed by a* (redness), b* (yellowness) and H (hue) coordinates. The chromatic coordinates and S coordinate (saturation) represented the colour contrast in this profile, caused by variation in textures and parent materials. The SOC increases the darkness of soil and SOC has been predicted well by colour space models (Viscarra Rossel et al., 2008) . The lightness has contributed partly to SOC prediction, and the b* coordinate has been well correlated with SOC content (Viscarra Rossel et al., 2008) . Soil pH was not correlated with any coordinate of the colour space model. The strong correlations between sand content and the colour coordinates are probably caused by the reddish colour of the sand as a result of rubification. Iron oxides reduce the brightness and redden the soil (Levin et al., 2005) . The silt content showed the opposite pattern to the sand content, but also had strong correlations with the colour coordinates.
The strong correlations between weathering indices and colour models were due to their correlations with textures and parent materials. Soil weathering and development is often accompanied by loss of silica, and the Ruxton and sesquioxide ratios have been used to represent the degree of weathering (Ruxton, 1968) . In the soil studied, the ratios were negatively correlated with iron oxides and sand content. The CaO/TiO 2 ratio was correlated with the Ruxton and sesquioxide ratios, which was also determined by Osat et al. (2016) . The Ti/Zr ratio has been used to identify heterogeneity of parent materials (Maynard, 1992) , which is reflected by the Bt and 2Bw horizons and different textural classes in these two horizons. Therefore, the Ti/Zr ratio showed strong correlations with sand and silt content and colour models in this soil profile.
Maps of profile variation
Random forest with parameters of the colour model proved a useful technique to produce high-resolution profile maps of SOC, texture and weathering indices. The RGB colour coordinates produced less accurate predictions than the CIE L*a*b* and HSV models for most soil properties and weathering indices. This might be due to the weaker linear correlations of the RGB colour coordinates with soil properties. The patterns of the profile maps matched the soil horizons but showed details that could be used to improve horizon delineation. The SOC maps showed three horizons and a sharp boundary between the Ap and Bt horizons, but a gradual boundary between Bt and 2Bw. The map of clay showed larger clay content in the middle layer, which corresponded to the Bt horizon. The detailed profile maps identified regions where animal holes, roots and coarse fragments (gravel) were evident. The patches of large SOC concentration in Bt represented animal holes. The patches in the 2Bw horizon of the sand and silt maps were limestone fragments, which was consistent with the white patches in the digital images shown in Figure 1 . Similar patches of organic residue and Ca from lime application were found by Schreiner et al. (2015) using visible-near infrared and shortwave infrared imaging spectroscopy.
Weathering indices and element ratios derived from a pXRF spectrometer have been used to identify parent materials and weathering stages in soil profiles (Stockmann et al., 2016) . In our study, the two-dimensional profile maps of weathering indices displayed both vertical and lateral variations, and distinguished soil horizons and different parent materials. The Ruxton, sesquioxide and CaO/TiO 2 ratios showed a distinct Ap horizon with a clear boundary. The Ruxton, CaO/TiO 2 and Ti/Zr ratios separated the Bt and 2Bw horizons. The decrease in the Ruxton ratio with depth indicated greater weathering intensity in 2Bw, which showed weathering from the sandstone, dolomite and shale bedrock. The silty clay loam Bt, with large clay and silica contents, was developed in loess.
Fuzzy clustering and horizonation
Some recent efforts have been made to delineate soil horizons digitally and spectrally. Fajardo et al. (2016) collected vis-NIR spectra along soil cores and obtained spectrally-derived horizons by fuzzy clustering. Adhikari et al. (2016) used k-means clustering on block-kriged soil properties (Al, Si, Fe, Mn, Ca and Red colour coordinate) of an Entisol profile and obtained three layers that were comparable to the field-delineated horizons. Fuzzy c-means clustering has been widely used in digital soil mapping to identify continuous soil mapping units or soil classes (Burrough et al., 1997) . To our knowledge, this is the first attempt to use fuzzy c-means clustering for high-resolution soil profile mapping. The digitally-derived clusters matched the field-delineated horizons. The confusion index maps were indicators of within-horizon variation and fuzzy horizon boundaries.
The clustering performance of the different colour models was determined by the pattern of colour coordinates. The HSV and CIE L*a*b* can be used for profile horizonation from the patterns of the a*, b*, H and S coordinates. The SOC, texture and weathering indices were predicted from the CIE L*a*b* model and improved the horizonation more than by simply using the colour models. Horizons are described in the field based mainly on the differences in colour, texture, structure, coarse fragments and mottles. This might explain why the detailed maps of soil properties can improve the clustering with colour alone. The maps of clusters and confusion index showed advantages in describing the wavy boundaries instead of the sharp and horizontal boundaries described in the field. The fuzzy clustering with membership maps and confusion index indicates the impurity of each horizon, whereas uniformity is often assumed in a soil horizon.
The low cluster purity and large horizon representation of the Ap horizon indicated that the area in the Ap was clustered correctly, but some areas in other horizons were identified as parts of the Ap. With the HSV model, part of the Ap was clustered into the Bt horizon, so that the Bt horizon had strong cluster purity but poor horizon representation. Poor horizon representation of the 2Bw horizon indicated that part of the field-described 2Bw horizon was clustered into another horizon. This might be attributed to overestimation of the 2Bw horizon area in the field because of the wavy boundary. The 2Bw horizon was well clustered with a wavy boundary, mainly because of the clear separation between the 2Bw and Bt horizons, as shown in the profile maps of sand, silt and Ti/Zr ratio (Figures 5  and 6 ).
Image quality
The colour information derived from digital images and prediction of soil properties is influenced by soil moisture, light conditions and camera settings. Hafizah & Khairunniza (2011) investigated the effect of soil moisture on digital images and found that RGB and CIE L*u*v* colours were significantly correlated with soil moisture content. Aitkenhead et al. (2013) showed that field-derived RGB and CIE L*a*b* colours can predict SOC, nitrogen and metallic elements, but that the predictions were affected by moisture and lighting. Demattê et al. (2011) observed better prediction of SOM with Munsell colour measured in the field.
Different light conditions affect images (Aitkenhead et al., 2016) . Sánchez-Marañón et al. (2011) showed that natural daylight influenced the Munsell colours and that soil colours can only be determined correctly with reference to a known reflectance spectrum. They recommended taking images approximately 1 hour after sunrise or before sunset to prevent the interference of too much bluish or reddish light. Fan et al. (2017) compared colours derived from various smartphone cameras under sunny and cloudy conditions with Munsell colour charts and colours determined by spectrophotometer. They found that sunny conditions resulted in better matches.
Different cameras have been used to derive colour information from soil and to predict soil properties. Valeeva et al. (2016) used a Panasonic DMC-TZ3 camera (Panasonic Corporation, Kadoma, Japan) to photograph Luvisols, and found a strong linear relation between camera-derived CIE L*a*b* colours and standard colours derived from an X-Rite Colour Digital Swatchbook DTP22 spectrophotometer (X-Rite Inc., Grand Rapids, MI, USA). They also compared camera-derived RGB colours with standard colours and found that horizons with humus accumulation (black colours) were photographed better with an exposure value (EV) of 0, whereas eluvial and calcareous horizons (very light colours) were photographed better at EV = −2/3. Samples with intermediate colours were better reproduced at EV = −1/3. The exposure settings vary among cameras. Kirillova & Sileva (2017) compared a Sony DSC-HX50 digital camera (Sony Corporation, Kōnan, Tokyo, Japan) with an X-Rite i1 Pro spectrophotometer (X-Rite Inc.) and observed that colours of 84% of the soil samples (n = 136) were determined accurately by the camera. They recommended calibrating the camera-derived colours with a standard chart. Levin et al. (2005) used a 1.3-megapixel digital camera (Olympus CAMEDIA C-920, Shinjuku, Japan) to predict soil colour, iron oxides and fine particles. Viscarra Rossel et al. (2008) used a Kodak DC290 camera (Kodak Company, Rochester, NY, USA) to predict SOC and iron contents. Digital cameras have different resolutions, lenses, exposure settings, flash settings, image types and lighting conditions, all of which affect the extracted colours and predictions. However, they are relatively inexpensive and accurate.
In our research, the images were taken in the field under natural light and at field moisture conditions. The clustering and horizonation presented above were determined partly by colour contrast in the profile rather than by true colours. The whole profile image was taken under the same conditions and with the same camera; therefore, the extracted colour differences are relative. The approach used here can be used in other soil profile studies.
Here, we provide some suggestions for taking images of soil profiles: (i) prepare a flat and clean surface of the profile because shadows and noise caused by surface roughness may interfere with the prediction of soil properties (e.g. SOC) and increase the within-horizon variation, (ii) a standard colour chart should be taken with the profile image under the same light conditions and with the same camera for calibration, so that the absolute colour values can be obtained for prediction (Aitkenhead et al., 2016) , (iii) take the images during midday hours, avoiding sunrise and sunset (Sánchez-Marañón et al., 2011; Aitkenhead et al., 2016) , (iv) using a tripod, take the image perpendicular to the soil profile wall, (v) take RAW images (i.e. not compressed or processed in the camera), (vi) use an aperture setting that allows a large depth of field and lastly (vii) uniformly moisten the soil profile and avoid shading.
Conclusions
• Colour coordinates (G, B, L*, a*, b*, H, S) showed strong correlations with SOC, sand and silt contents, and weathering indices. Colour coordinates were excellent for predicting and mapping soil properties of this soil profile.
• Random forest proved useful for high-resolution soil profile mapping. The RGB model showed less accurate prediction of SOC than the CIE L*a*b* and HSV models. The detailed profile maps showed within-horizon variation and identified animal holes, roots and limestone fragments.
• The profile maps of weathering indices showed weathering intensity and discontinuity of parent materials in the profile.
• The colour maps (a*, b*, H, S) and profile maps of soil properties and weathering indices corresponded to soil horizons, and improved horizon delineation. The clusters obtained by soil properties and weathering indices represented the three field-delineated horizons and had the largest overall accuracy. The maps of clusters and the confusion index showed wavy horizon boundaries and horizon impurity.
The distinct colours of this profile contributed to the strong relations between soil colour and soil properties. More soil profiles are needed to test the reliability of the methods explored in this study. Fuzzy c-means clustering is a promising method to delineate continuous soil horizons and to investigate within-horizon variation.
